Background: leave-one-out cross-validation that fails to account for variable selection does not properly reflect prediction accuracy when the number of training sites is small. the impact on health effect estimates has rarely been studied. the objective of this study was to develop an improved validation procedure for land-use regression models with variable selection and investigate health effect estimates in relation to land-use regression model performance. Methods: We randomly generated 10 training and test sets for nitrogen dioxide and particulate matter. For each training set, we developed models and evaluated them using a cross-holdout validation approach. cross-holdout validation develops new models for each evaluation compared with refitting the model without variable selection, as in standard leave-one-out cross-validation. We also implemented holdout validation, which evaluates model predictions using independent test sets. We evaluated the relationship between crossholdout validation and holdout validation R 2 and estimates of the association between air pollution and forced vital capacity in the Dutch birth cohort. Results: cross-holdout validation R 2 s were generally identical to holdout validation R 2 s, but were notably smaller than leave-one-out cross-validation R 2 s. Decreases in forced vital capacity in relation to air pollution exposure were larger for land-use regression models that had larger holdout validation and cross-holdout validation R 2 s rather than leave-one-out cross-validation R 2 .
.
Conclusion: cross-holdout validation accurately reflects predictive ability of land-use regression models and is a useful validation approach for small datasets. land-use regression predictive ability in terms of holdout validation and cross-holdout validation rather than leave-one-out cross-validation was associated with the magnitude of health effect estimates in a case study.
(Epidemiology 2016;27: 51-56) L ong-term exposure to air pollution has been associated with adverse health outcomes. 1 recent epidemiologic studies increasingly relied on modeling techniques for estimation of individual air pollution exposure. land-use regression modeling which uses land use, geographic, and traffic characteristics to explain spatial variations of air pollution concentrations measured at multiple sites in a study area is one of the most popular approaches.
Model evaluation is essential especially when land-use regression models are based on relatively small numbers of training sites.
2,3 a commonly used evaluation approach for land-use regression modeling is leave-one-out cross-validation: a model is developed using n training sites, this model is refitted n times without variable selections using n-1 sites, the n refitted models are used to predict the concentrations at the leftout sites, and the correlation between these n model predictions and the measured concentrations at these sites are calculated. Previous studies suggested that this method may overestimate the predictive ability of land-use regression models at truly independent sites because the predicted sites were not completely independent from model development: the n models based on n-1 sites are refitted using the selected predictors from the original model, and were not rebuilt with each iteration.
2,3 this statistical issue has been described previously, and it has been concluded that true validation (which we call holdout validation) must be applied to the entire sequence of modeling steps including variable selection for any set of training and test datasets. 4 By doing so, the land-use regression model is developed using a training dataset and the model is validated on a completely independent test dataset. the holdout validation approach likely better reflects the predictive power of the land-use regression model at addresses of subjects where no measurements were taken, assuming that the validation sites are representative of the distributions of subjects' addresses. examples are discussed in Few studies have systematically analyzed the extent to which effect estimates in epidemiologic studies are affected by the prediction error associated with the application of landuse regression models for exposure assessment. a previous study has suggested that the variance of such effect estimates could be substantial when a small number of sites is used for land-use regression modeling. 9 Hence, it is necessary to investigate the variability of effect estimates associated with landuse regression model prediction errors.
in this study, we developed a new technique for evaluation of land-use regression models, combining leave-one-out crossvalidation and holdout validation. We investigated whether the use of our method can represent the predictive ability of a landuse regression model at independent sites. Second, we explored the relationships between land-use regression model prediction errors and the magnitude of effect estimates using forced vital capacity data from the Dutch Prevention and incidence of asthma and Mite allergy birth cohort study.
METHODS

Model Development
We used measured annual average concentrations of nitrogen dioxide (nO 2 ), particulate matter with diameters <2.5 μm (PM 2.5 ), and PM 2.5 absorbance (an index of black carbon) from the european Study of cohorts for air Pollution effects in the study area that covered the netherlands and Belgium. the measurement sites for nO 2 (80 sites) and PM (40 sites) were spread over the netherlands and part of Belgium and were measured between February 2009 and February 2010, allowing us to split the data for validation. We developed land-use regression models were developed for the three air pollutants using a supervised stepwise linear regression method. Predictor variables included european-wide common variables such as road length, residential density and land use as well as local specific traffic intensity and population density variables (etable 1; http://links.lww.com/eDe/a979). a detailed description of the measurement and land-use regression model development procedures have been published elsewhere.
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Model Evaluation: Combining Leave-one-out
Cross-validation and Holdout Validation
We created a flowchart to illustrate the main evaluation procedures and the terms used in the analysis ( Figure 1 ). We divided our sampling sites into a training set and a test set, each of which contained 50% of all sites. We performed 10 random stratified selections of sites according to site type (urban background, rural background, and near street sites) and generated 10 training sets and 10 test datasets. then, we developed models for each of the training sets.
We used three approaches to evaluate the models: leaveone-out cross-validation, holdout validation (representing the true predictive ability of the land-use regression models at the external test sites), and cross-holdout validation. crossholdout validation is a combination of the cross-validation and holdout validation approach, which requires variable selection during the validation process. Unlike the leave-one-out crossvalidation, which excludes one site and refits the already developed model with the remaining n-1 sites (model structure is fixed, only coefficients change), we successively built n new evaluation models based on the n-1 sites until each of the sites had been removed and predicted by the evaluation models once. therefore, each of the test sites was completely independent from the model building. cross-holdout validation is a surrogate for holdout validation and is calculated from n evaluation FIGURE 1. A flowchart illustrating the main evaluation procedures and terms used in this study. models with n-1 sites. We reported the output of leave-one-out cross-validation, cross-holdout validation, and holdout validation by the regression (R 2 ) of predictions and observations at the left-out sites to be comparable with previous studies.
comparison of R 2 s between cross-holdout validation and holdout validation is indirect because of different models derived from distinct datasets for validation (cross-holdout validation: training sets; holdout validation: test sets). therefore, we additionally calculated an intermediate holdout validation R 2 based on n evaluation model predictions to the same test sets to link the above validation approaches. the leave-one-out cross-validation and cross-holdout validation were conducted within the training sets, whereas the holdout validation applied the land-use regression models from the training sets to predict the concentrations of air pollutants at the test sets. regressionbased R 2 values were calculated and the entire simulation processes were repeated for all 10 sets of training and test datasets.
Model Evaluation: Variance in Health Effect Estimates
to evaluate the variability in health effect estimates due to choice of a specific land-use regression model, we selected forced vital capacity measured at age 8 years, from the Dutch Prevention and incidence of asthma and Mite allergy birth cohort study, as the health outcome for our case study. We previously showed negative associations between forced vital capacity and air pollutants (nO 2 , PM 2.5 , and PM 2.5 absorbance).
14 ethics approval to perform the study was obtained from the local authorized institutional review boards, and written informed consent was obtained from the parents or legal guardians of all participants. More information about the Prevention and incidence of asthma and Mite allergy study can be found elsewhere. 15, 16 For each of the 10 land-use regression modeling training datasets, exposures to nO 2 , PM 2.5 , and PM 2.5 absorbance were estimated using the default model with n sites (n = 40 for nO 2 and n = 20 for PM) and n evaluation models with n-1 sites. then, the estimates of each model were linked to health data individually. We used linear regression analyses with natural log (ln)-transformed forced vital capacity as dependent variable to analyze the effects of exposure to each air pollutant on forced vital capacity at the current addresses as described elsewhere. 13 We specified our confounder models for each pollutant with adjustments for individual level variables: sex, ln(age), ln(weight), ln(height), ethnicity; parental allergies; parental education; breastfeeding; maternal smoking during pregnancy; smoking, mold/dampness, and furry pets in the child's home; and recent respiratory infections.
14 the health effect estimates from the n land-use regression evaluation models with n-1 sites in each training set were compared with the health effect estimates from the default land-use regression model with n sites. Finally, we investigated for each pollutant the association between the magnitude of the estimated effect on forced vital capacity and the predictive performances of the default land-use regression models (using leave-one-out cross-validation, holdout validation, and cross-holdout validation R 2 ). We hypothesized that effect estimates would be larger when using exposure models with better predictive performance. effect estimates were presented as the percent change in forced vital capacity, with 95% confidence intervals, for a given increase in exposure (10 μg/m Figure 2 shows the performances of the default models based on the 10 training datasets and the evaluation models that consecutively excluded one site from the default model. We found generally identical mean values between the holdout validation R 2 and the cross-holdout validation R 2 which combines cross and holdout validation as explained in the "Methods" section. the mean leave-one-out cross-validation R 2 is higher than the holdout validation R 2 across models, which is more apparent for PM 2.5 than for the nO 2 and PM 2.5 absorbance. traffic and population variables were dominant in all model structures for all pollutants. Variables in the PM 2.5 models were more diverse than the variables in the nO 2 and PM 2.5 absorbance models (eFigure 1; http://links.lww.com/eDe/a979).
RESULTS
Model Evaluation
Variance in Health Effect Estimates
the present analysis included 1,036 participants from this cohort with successful lung function measurements at age 8; complete information on sex, age, height, and weight at the time of lung function measurement (table). Mean forced vital capacity is 2.0 ± 0.30 l. Figure 3 shows the correlations between the performance factors (i.e., leave-one-out cross-validation, cross-holdout validation, and holdout validation R 2 s) for nO 2 , PM 2.5 , and PM 2.5 absorbance and the forced vital capacity effect estimates of the default models in the ten simulations. We found negative correlations between holdout validation R to investigate the stability of the effect estimates of forced vital capacity due to selection of a specific land-use regression model, we plotted all 400 (nO 2 ) or 200 (PM 2.5 and PM 2.5 absorbance) effect estimates of evaluation models in eFigures 2-4 (http://links.lww.com/eDe/a979). effect estimates were generally robust for nO 2 and PM 2.5 absorbance but more variable for PM 2.5 . this is in line with the results shown in Figure 3 . Moreover, exposure estimates were generally similar for the evaluation models for nO 2 
DISCUSSION
Our study showed that the cross-holdout validation evaluation approach with variable selection produced results equivalent to using a holdout validation approach that reflects the predictive ability of the land-use regression models we developed. Forced vital capacity effect estimates were fairly robust with different model specifications and decreases in forced vital capacity in relation to air pollution exposure were larger when using land-use regression models for exposure assignment, which had larger holdout validation R 2 and crossholdout validation R 2 for all the pollutants.
Model Evaluation
Our results support findings from the statistics literature showing that, with a multistep modeling procedure, cross-validation must be applied to the entire sequence of modeling steps. 4 the cross-holdout validation approach makes use of the principles of leave-one-out cross-validation and holdout validation and has advantages especially when applying to land-use regression models based on small numbers of training sites. compared with holdout validation, which requires splitting data into training and test datasets, the cross-holdout validation approach may be more useful in practice, especially for the model with small number of sampling sites, as it allows using all the available data. the leaveone-out cross-validation method, as demonstrated before, results in overestimation of the predictive ability of models, especially when the number of training sites is small.
2,3 the principal difference between the leave-one-out cross-validation and the crossholdout validation approach is that we do not develop a single model using all sites which is then refitted n times to n-1 sites (leave-one-out cross-validation). instead, n models are developed which will be different in structure, not just coefficients. although cross-holdout validation is based on the performance of n different models and not of a single one, cross-holdout validation provides a good estimation of the predictive ability of the default model, hence may be a useful validation approach for small datasets. We cannot choose from these n models which one(s) to use for exposure assignment in an epidemiologic study. the consequence would be that instead of one effect estimate, we need to produce n effect estimates. While this implies a computational burden, the resulting distribution of effect estimates may provide a better picture of the exposure model-related uncertainty than the 95% confidence interval of a single effect estimate based on a single exposure model. Within european Study of cohorts for air Pollution effects, we have generally not found that the model leave-one-out cross-validation R 2 s found in different study areas were related to the magnitude of the effect estimates. 14, 17, 18 it would be of interest to investigate whether this would change when calculating the cross-holdout validation R 2 s in the different study regions. Based on our results obtained with a single effect estimate in a single cohort, we hypothesize that there could also be an association between land-use regression model crossholdout validation R 2 s and the magnitude of effect estimates across endpoints and cohorts.
Variance in Health Effect Estimates
We observed larger decreases in forced vital capacity in relation to nO 2 , PM 2.5 , and PM 2.5 absorbance for models with higher holdout validation R 2 values. this could be explained by underestimation of the "true" health effect due to larger exposure misclassification when the models exhibited poorer predictions at the cohort addresses (i.e., lower model holdout validation R 
